Using firm-level option and stock data, we examine the predictive ability of option-implied volatility measures proposed by previous studies and recommend the best measure using upto-date data. Portfolio level analysis implies significant non-zero risk-adjusted returns on arbitrage portfolios formed on the call-put implied volatility spread, implied volatility skew, and realized-implied volatility spread. Firm-level cross-sectional regressions show that, the implied volatility skew has the most significant predictive power over various investment horizons. The predictive power persists before and after the 2008 Global Financial Crisis.
1 2 of individual options and document the significant predictive power of implied volatility in predicting individual stock returns. More specifically, large increases in call (put) implied volatilities are followed by increases (decreases) in one-month ahead stock returns. Bali and Hovakimian (2009) investigate whether realized and implied volatilities can explain the crosssection of monthly stock returns and document that there is a positive relationship between the call-put implied volatility spread and one-month ahead stock returns. Cremers and Weinbaum (2010) focus on the predictive power of the call-put implied volatility spread and provide evidence that this measure predicts weekly returns to a greater extent for firms facing a more asymmetric informational environment.
Meanwhile, motivated by the empirically documented volatility skew for equity options, several studies examine the predictive power of information captured by options with different moneyness levels. 4 For example, Xing, Zhang and Zhao (2010) examine the implied volatility skew, which is the difference between out-of-the-money put and at-the-money call implied volatilities, and find a significantly negative coefficient on the implied volatility skew in FamaMacBeth cross-sectional regressions. Baltussen et al. (2012) include four different implied volatility measures in their study: out-of-money volatility skew (i.e., implied volatility skew in Xing, Zhang and Zhao, 2010) , realized versus implied volatility spread, at-the-money volatility skew (i.e., the difference between the at-the-money put and call implied volatilities), and weekly changes of at-the-money volatility skew. By analyzing weekly stock returns, they find negative relationships between weekly returns and four option-implied measures. In addition to two common factors used in previous studies (at-the-money call-put implied volatility spread and out-of-money implied volatility skew), Doran and Krieger (2010) construct three other 3 measures based on implied volatility extracted from call and put options. These three measures are "above-minus-below", "out-minus-at" of calls, and "out-minus-at" of puts. 5 Results in their study show that differences between at-the-money call and put implied volatilities and those between out-of-the-money and at-the-money put implied volatilities both capture information about future equity returns.
From these studies, it is not clear whether separately constructed option-implied volatility measures in the literature capture fundamentally different information in predicting stock returns. In the presence of other volatility measures, some of these volatility measures may be redundant in predicting stock returns. Building on aforementioned studies, this paper compares the ability of the various option-implied volatility measures to predict one-week to three-month ahead returns. Addressing the question of which option-implied volatility measure(s) outperforms alternatives in predicting stock returns and whether their predictive ability persists over different investment horizons is crucial, having implications for portfolio managers and market participants. These groups can adjust their trading strategies and form portfolios based on option-implied volatility measure(s) that has the strongest predictive power and thus earn excess returns.
To compare the predictive power of option-implied volatility measures, we first form quintile portfolios sorted with respect to six option-implied volatility measures: the call-put implied volatility spread ( CPIV ), the implied volatility skew ( IVSKEW ), the "above-minusbelow" ( AMB ), the "out-minus-at" of calls ( COMA ), the "out-minus-at" of puts ( POMA ), and the realized-implied volatility spread ( RVIV ). Then, we construct zero-cost arbitrage portfolios by taking a long position in portfolios with the highest implied volatility measure and a short position in portfolios with the lowest implied volatility measure. The arbitrage 5 The "above-minus-below" is the difference between the mean implied volatility of in-the-money puts and outof-the-money calls and the mean implied volatility of in-the-money calls and out-of-the-money puts. "Out-minusat" of calls (puts) is the difference between the mean implied volatility of out-of-the-money calls (puts) and the mean implied volatility of at-the-money calls (puts).
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portfolio will have significantly non-zero return if there is a statistically significant relationship between stock returns and the corresponding option-implied volatility measure. However, portfolio level analysis might suffer from the aggregation effect due to omission of useful information in the cross-section because it does not control for the effects of other optionimplied volatility measures and firm-specific effects simultaneously. Consequently, we further perform firm-level cross-sectional regressions to assess the predictive power of all six interlinked option-implied volatility measures.
Our study contributes to the literature in several aspects. First, this study compares the predictive ability of six different implied volatility measures. To the best of our knowledge, this is the most comprehensive study that compares the predictive power of option-implied volatility measures. Secondly, our study tests the predictive power of different option-implied volatility measures on stock returns over various investment horizons. This helps investors better understand the informational content captured by different option-implied volatility measures. Finally, the sample period, from 1996 until 2014, is longer than those used in previous studies. This enables us to analyze whether the predictive power of option-implied volatility measures documented previously is still significant in extended periods using recent data in the US markets.
The paper is organized as follows. Section 2 discusses the data and the methodology.
Section 3 examines the relationship between expected stock returns and different optionimplied volatility measures through portfolio level analysis and firm-level cross-sectional regressions. Section 4 discusses potential reasons for the predictive power of option-implied volatility measures through discussions on informed trading, skewness preference, constraints on short-sale, and delta hedging. Section 5 offers concluding remarks. To distinguish at-the-money options, we follow the criteria in Bali and Hovakimian (2009). 7 That is, if the absolute value of the natural logarithm of the ratio of the stock price to the exercise price is smaller than 0.1, an option is denoted at-the-money. We denote options with the natural logarithm of the ratio of the stock price to the exercise price smaller than -0.1 as out-of-the-money call (in-the-money put) options. Options with the natural logarithm of the ratio of the stock price to the exercise price larger than 0.1 are denoted in-the-money call (outof-the-money put) options. Then, we calculate the average implied volatilities for different kinds of options across all eligible options at the end of each calendar month. Our sample period starts from January 1996 and ends in December 2014 (i.e., 19 years). 
Option-Implied Volatility Measures
For equity options, it is normal to observe the existence of volatility skew (i.e., the volatility decreases as the strike price increases). As discussed in the previous section, 6 Available at: http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html. 7 Only stock data for ordinary common shares (CRSP share codes 10 and 11) are retained. Furthermore, closedend funds, REITs (SIC codes 6720-6730 and 6798) and those companies whose shares were trading less than $5 are excluded. For option data, we focus on the last trading day of each calendar month. We only retain stock options with days-to-maturity greater than 30 but less than 91 days. After deleting options with zero open interest or zero best bid prices and those with missing implied volatility, we further exclude options whose bid-ask spread exceeds 50% of the average of the bid and ask prices and options which are traded for less than $0.25. 8 The first observation of the implied volatility is available at the end of January, 1996. So the return observation starts from February, 1996. The last observation of monthly stock returns is the return in December, 2014. Since this study uses three-month holding period return, the last observation for three-month return should be the return during the period from October, 2014 to December, 2014, whereas the last observation for each volatility measure is constructed at the end of September 2014. So the sample consists of 225 monthly observations. The sample size is discussed in detail in section 3.1.
6 empirical studies document that a different part of the volatility curve can capture relevant information about future stock returns (Bali and Hovakimian, 2009; Baltussen et al., 2012; Cremers and Weinbaum, 2010; Xing, Zhang and Zhao, 2010; Doran and Krieger, 2010; etc.) .
In following subsections, we discuss how different option-implied volatility measures reflect investors' expectations about future market conditions.
Call-Put Implied Volatility Spread
Drawing upon the method documented in Bali and Hovakimian (2009) , CPIV is constructed as follows:
where CPIV is the call-put implied volatility spread,
is the average of implied volatilities extracted from all at-the-money call options, and
is the average of implied volatilities extracted from all at-the-money put options available on the last trading day in each calendar month.
If investors expect decreases in underlying asset prices in the near future, they will choose to buy put options and sell call options. In this case, prices of put options will increase while prices of call options will decrease, suggesting higher implied volatilities for put options and lower implied volatilities for call options. A more negative CPIV predicts decreases in underlying asset prices (i.e., more negative returns) and vice versa. Thus, it is expected that future asset returns should be positively correlated with CPIV .
Implied Volatility Skew
To construct IVSKEW proposed by Xing, Zhang and Zhao (2010), we calculate the difference between the average of implied volatilities extracted from out-of-the-money put options and the average of implied volatilities extracted from at-the-money call options:
where IVSKEW is the implied volatility skew,
is the average of implied volatilities extracted from out-of-the-money put options at the end of each calendar month.
If investors expect that there will be a downward movement in underlying asset price, they will choose to buy out-of-the-money put options. An increase in the demand for out-of-themoney put options further leads to increases in their prices, and thus in their implied volatilities.
In this case, the spread between out-of-the-money put implied volatilities and at-the-money call implied volatilities will become larger. IVSKEW reflects investor's concern about future downward movements in underlying asset prices. A higher IVSKEW indicates a higher probability of large negative jumps in underlying asset prices. So, IVSKEW is expected to be negatively related to future returns on underlying assets.
Above-Minus-Below
AMB represents the difference between average implied volatility of options whose strike prices are above current underlying price and average implied volatility of options whose strike prices are below current underlying price. Following Doran and Krieger (2010) , this study defines AMB as: 
,,
All measures in these two equations have the same meanings as in the previous equations (1) -(3).
In contrast to AMB , COMA ( POMA ) use only out-of-the-money and at-the-money call (put) options to capture the volatility curve asymmetry. In the option market, it is observed that out-of-the-money and at-the-money call and put options are the most liquid and heavily traded whereas in-the-money options are not traded much (Bates, 2000) . It is also reported that bullish traders generally buy out-of-the-money calls while bearish traders buy out-of-the-money puts (Gemmill, 1996) . To follow a trading strategy based on volatility curve asymmetry, it is more convenient to construct a measure using the most liquid options for which data availability is not a concern. Positive COMA is associated with bullish expectations, indicating an increase in the trading of optimistic investors. However, a positive POMA reflects the overpricing of out-of-the-money puts relative to at-the-money puts due to increased demand for out-of-themoney puts that provide hedging against negative jump risk.
Realized-Implied Volatility Spread
In the spirit of Bali and Hovakimian (2009) , we calculate realized volatility ( RV ), which is the annualized standard deviation of daily returns over the previous month, and then construct a realized-implied volatility spread, RVIV , as follows:
where ATM IV is the average implied volatility of at-the-money call and put options.
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The variable RVIV is related to volatility risk, which has been widely tested in empirical papers. When testing the volatility risk premium, previous articles focus on the difference between realized volatility and implied volatility (proxied by a variance swap rate). However, rather than using a variance swap rate (which is calculated by using options with different moneyness levels), we focus on at-the-money implied volatility (a standard deviation measure). 
Discussion on Option-Implied Volatility Measures

Firm Specific Variables
In order to see whether option-implied volatility measures can predict stock returns after controlling for known firm-specific effects, we also include several firm-level control variables.
To control for the size effect documented by Banz (1981) , we use the natural logarithm of a company's market capitalization (in thousands of USD) on the last trading day of each month.
Following Fama and French (1992) , we use the book-to-market ratio as another firm-level control variable. Jegadeesh and Titman (1993) document the existence of a momentum effect (i.e., past winners, on average, outperform past losers in short future periods). We use past onemonth returns to capture the momentum effect. Stock trading volumes are included as another variable (measured in hundred millions of shares traded in the previous month). The market beta reflects the historical systematic risk and is calculated by using daily returns available in the previous month using the standard CAPM framework. 10 The bid-ask spread is used to control for liquidity risk. It is defined as the mean daily percentage bid-ask spread over the previous month where the percentage bid-ask spread is the difference between ask and bid 11 prices scaled by the mean of the bid and ask prices (Bali and Hovakimian, 2009 
[Insert Exhibit 2 here]
On the basis of all available observations on the last trading day of each month during the sample period, Panel A of Exhibit 2 reports descriptive statistics for option-implied volatility measures. Therefore, the sample size varies for each measure. It is observed that CPIV , AMB , COMA and RVIV have negative means, while those for IVSKEW and POMA are positive.
The last column of Panel A shows that, the sample size for CPIV is largest (i.e., 230,884), whereas the sample size for AMB is smallest (i.e., 66,104). CPIV is constructed by using near-the-money call and put options while AMB is constructed by using deep out-of-themoney and in-the-money call and put options. It is expected that more near-the-money options are available than deep out-of-the-money and in-the-money options. So the larger sample size for CPIV and the much smaller sample size for AMB are reasonable. the-money implied volatility of puts and at-the-money implied volatility of calls, and the other 84.02 percent can be due to the difference between out-of-the-money implied volatility and atthe-money implied volatility of puts. Given the positive relationship between stock returns and CPIV and the negative relationship between stocks returns and IVSKEW documented in previous studies (Bali and Hovakimian, 2009; Cremers and Weinbaum, 2010; Doran and Krieger, 2010; and Xing, Zhang and Zhao, 2010) , we infer whether or not POMA (which represents the left-hand side of the put implied volatility curve) plays a significant role in predicting stock returns. If there is no empirical evidence in favor of significant predictive ability for POMA , the predictive power of IVSKEW should be driven by the difference between at-the-money put implied volatilities and the at-the-money call implied volatilities. 
Portfolio Level Analysis
In order to examine the relationship between quintile portfolio returns and each volatility measure, we construct quintile portfolios, and further form a "5-1" arbitrage portfolio within the full sample by holding a long position on the quintile portfolio with the highest volatility measure and a short position on the quintile portfolio with the lowest volatility measure. Then, we test the null hypothesis that the "5-1" arbitrage portfolio has a mean return equal to zero. If the average return on the "5-1" arbitrage portfolio is significantly positive (negative), there is a positive (negative) relationship between the volatility measure and portfolio returns. Results for portfolio level analysis are presented in Exhibit 3.
[Insert Exhibit 3 here]
We first examine the effect of CPIV on subsequent one-month portfolio returns. For both equally-weighted and value-weighted portfolios, returns increase monotonically from portfolios with the lowest CPIV to portfolios with the highest CPIV . The mean return on the equally-weighted "5-1" arbitrage portfolio is 1.12% per month (with a p-value close to 0), and the mean return on the value-weighted "5-1" arbitrage portfolio is 0.97% per month (with a pvalue of 0.0002). Significant positive mean returns on "5-1" arbitrage portfolios indicate a positive relationship between CPIV and portfolio returns. We also control for Fama-French risk factors to examine whether there are risk-adjusted return differences for arbitrage portfolios. Results are consistent with those obtained for raw return differences. Jensen's alpha with respect to Fama-French three-factor model is 1.16% per month (with a p-value close to 0) 14 for equally-weighted "5-1" arbitrage portfolios and it is 1.10% per month (with a p-value of 0.0001) for value-weighted "5-1" arbitrage portfolios. These results for CPIV are comparable with the results in Bali and Hovakimian (2009) . Bali and Hovakimian (2009) document that the equally-weighted (value-weighted) raw return on the arbitrage portfolio is, on average, 1.425% (1.045%) per month with a t-statistic of 7.9 (4.2) and the equally-weighted (valueweighted) Jensen's alpha on the arbitrage portfolio is 1.486% (1.140%) with a t-statistic of 8.6
(4.5).
Next, we focus on the effect of IVSKEW . The results in Exhibit 3 show a monotonic decreasing pattern in equally-and value-weighted portfolio returns. Portfolios with lower IVSKEW outperform those with higher IVSKEW . Average monthly returns on "5-1" equallyweighted and value-weighted arbitrage portfolios are always negative and statistically significant at a 5% level (-0.86% with a p-value close to 0 and -0.64% with a p-value of 0.0133, respectively). The negative relationship between IVSKEW and portfolio return is still significant after controlling for market excess returns ( MKT ), size ( SMB ) and book-to-market ratio ( HML ).
Exhibit 3 shows weak evidence for a negative relationship between AMB and portfolio returns. For equally-weighted "5-1" arbitrage portfolio, Jensen's alpha with respect to FamaFrench three-factor model is -0.44% per month, which is marginally significant at a 10% level.
Exhibit 3 also presents quintile portfolio level analysis results for two "out-minus-at" measures. For both COMA and POMA , there is no evidence of a relationship between these two measures and one-month ahead asset returns (the average monthly return and Jensen's alpha with respect to Fama-French three-factor models on each "5-1" arbitrage portfolio are not significantly non-zero).
Finally, results in Exhibit 3 confirm a negative relationship between RVIV and onemonth ahead portfolio returns. Both the average return and the Jensen's alpha decrease 15 monotonically from the portfolio with the lowest RVIV to that with the highest RVIV . Such a negative relationship is always significant at a 5% level no matter whether the return is riskadjusted or not. For example, Jensen's alpha for an equally-weighted "5-1" arbitrage portfolio is -0.57% per month with a p-value of 0.0007 and that for value-weighted "5-1" arbitrage portfolio is -0.64% per month with a p-value of 0.0039. These results are broadly comparable to results in Bali and Hovakimian (2009) . They document that Jensen's alpha for the arbitrage portfolio constructed on RVIV is -0.587% with a significant t-statistic of -2.5 when using the equally-weighted scheme, and -0.642% with a significant t-statistic of -2.2 when using the value-weighted scheme.
To summarize, results in Exhibit 3 confirm that CPIV is positively related to one-month ahead portfolio returns, whereas IVSKEW and RVIV are negatively related. Exhibit 3 also provides weak evidence about the negative relationship between AMB and portfolio returns.
However, through portfolio level analysis, COMA and POMA do not have significant power to explain one-month ahead portfolio returns.
Although portfolio level analysis helps determine potential candidates among several option-implied volatility measures in predicting future returns, it does not allow us to control for firm-specific effects. Some other firm-specific effects may also play a role in explaining stock returns. To address this issue, we perform firm-level cross-sectional regressions in the following subsection.
Firm-Level Cross-Sectional Regression Results
This subsection provides results from firm-level cross-sectional regressions with firmspecific control variables (i.e., size, book-to-market ratio, previous one-month return, stock trading volume, historical beta, bid-ask spread, and option trading volume). In the first step of constructed using both in-the-money and out-of-the-money options. In-the-money options may not capture information as we expect due to infrequent trading activity.
Finally, over the one-week horizon, RVIV has marginally significant power in predicting future stock returns when competing with other option-implied volatility measures. This is consistent with the finding of portfolio level analysis discussed in Section 3.2.
15 If IVSKEW and / CPIV POMA are included in the same multi-variate regression model, IVSKEW still gains significant predictive ability whereas the predictive power of / CPIV POMA disappears.
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In order to examine whether the predictive power of different option-implied volatility measures persists over longer periods, we investigate how different measures perform in predicting one-month ahead stock returns. Exhibit 5 presents corresponding results.
[Insert Exhibit 5 here]
Models I and II indicate that the predictive power of CPIV or IVSKEW persists over a longer investment horizon. Model V of Exhibit 5 indicates that a higher POMA predicts lower one-month ahead stock return. Such a negative relationship is significant at a 5% level. Then, Models VIII to X indicate that, when competing with other option-implied volatility measures, IVSKEW has additional significant predictive power. The significant and negative slope on IVSKEW is driven by deviations from put-call parity and volatility curve asymmetry. As shown in Models VII and IX, even though both CPIV and POMA have significant slopes, the predictive power of CPIV is more significant. Compared to results in Exhibit 4, RVIV loses it predictive power for the one-month horizon.
Finally, we test the predictability of different option-implied volatility measures over the three-month horizon.
[Insert Exhibit 6 here]
As shown in Exhibit 6, regression models focusing on each individual option-implied volatility measure (Models I to VI) further confirm the predictive power of CPIV , IVSKEW , and POMA on stock returns. In the remaining four models (Models VII to X), it is obvious that the predictability of IVSKEW stems from information captured by both CPIV and POMA . Meanwhile, out-of-the-money call implied skew becomes important in return prediction, since COMA has a marginally significant and positive slope in cross-sectional regressions (Models VII and IX).
Results in Exhibits 4 to 6 imply an asymmetric effect of the volatility risk. As can be From results discussed in this subsection, it is inferred that, among all six option-implied volatility measures, IVSKEW has the most significant power in predicting future stock returns. 16 For the one-week investment horizon, the significant effect of IVSKEW is affected by deviations from put-call parity and the left part of implied volatility curve. For one-month and three-month horizons, the predictive power of POMA becomes weaker. For longer investment horizons, like three-month, positive news is important for investors since they are more optimistic about the long-term performance of the market. Thus, COMA gains a significant coefficient in cross-sectional regressions.
16 In addition to firm-level cross-sectional regressions, this study also performs pooled regressions for the sample, which involves both time-series and cross-sectional data. Results for pooled regressions confirm the importance of CPIV and IVSKEW in predicting future stock returns over various horizons from one-week to three-month. A higher CPIV predicts a higher future stock return, whereas a higher IVSKEW predicts a lower future stock return. Furthermore, controlling for time fixed effects does not affect the significance of the predictive power of CPIV and IVSKEW . More detailed results are available upon requests. 20
The Subperiod Analysis
Our sample period is from 1996 to 2014, and it covers the 2008 Global Financial Crisis.
It is interesting to examine whether information captured by different kinds of options is perceived in the same way before and after the recent financial crisis. In this subsection, firmlevel cross-sectional regressions are conducted for two subperiods: before and after September 2008. Exhibits 7 and 8 show how option-implied volatility measures perform in predicting oneweek ahead stock returns before and after the crisis, respectively.
[Insert Exhibits 7 & 8 here]
Compared to results presented in Exhibit 4, similar results can be found in Exhibits 7 and 8. That is, IVSKEW is important in predicting one-week ahead stock returns in both subperiods. The role played by CPIV or POMA seems to change during two subperiods.
CPIV has predictive power before the crisis, but its predictive ability does not persist after the crisis. However, for POMA , the predictability over the one-week horizon becomes stronger after the crisis. After the crisis, investors would be more sensitive to negative shocks (i.e., crashes) captured by the left part of the put implied volatility curve. Thus, for the one-week investment horizon, potential negative jumps captured by IVSKEW would contain relevant information about stock return prediction. No matter which sample period is investigated, the predictability of IVSKEW at the one-week horizon is stronger than any other measures used in this study.
Discussion
Results of empirical tests presented above provide useful insights about how option- 
Informed Trading
The volatility curve asymmetry could be due to investors' trading in option markets (Bollen and Whaley, 2004) . When the demand for a particular option contract is strong, due to arbitrage limits, competitive risk-averse option market makers are not able to hedge their positions perfectly and they require a premium for taking this risk. As a result, the demand for an option drives up its price. In this type of equilibrium, one would expect a positive relation between option expensiveness which can be measured by implied volatility and end-user demand. Investors with positive (negative) expectations about the future market conditions will increase their demand for call (put) options and/or reduce their demand for puts (calls), implying an increase in call (put) implied volatility and/or a decrease in put (call) implied volatility.
By using a VAR-bivariate-GARCH model, Bali and Hovakimian (2009) provide evidence supporting a significant volatility spillover effect where information propagates from individual equity options to individual stocks. Due to this spillover effect, option-implied information could contain useful information about stock return prediction.
From the previous literature, if investors choose to trade in option markets first, their trading activities will generate volatility curve asymmetry. The volatility curve asymmetry captures relevant information in predicting future stock returns due to spillover effect from option markets to stock markets.
Previous literature discusses potential reasons which drive trading activities in option markets. Bali and Hovakimian (2009) claim that informed investors, who know that stock prices will change but are not sure about the direction, choose to trade in option markets. This could be due to the fact that options provide leverage for investors; investors get much higher 22 profits from trading options than those from trading underlying stocks. Also, trading options provide insurance for undesirable changes in underlying asset prices.
Cremers and Weinbaum (2010) show that deviations from put-call parity are more likely to occur in stocks with high probability of informed trading (PIN), supporting the view that CPIV contains information about future prices of underlying stocks. Furthermore, deviations from put-call parity tend to predict returns to a greater extent in firms that face a more asymmetric information environment.
Consistently, Xing, Zhang and Zhao (2010) find that the predictive power of the implied volatility skew is driven by informed trading. That is, informed traders act in the options market and that the stock market is slow to incorporate information from the options market.
Furthermore, information captured by the implied volatility skew is closely related to firm fundamentals, which can predict subsequent underlying asset returns.
Lin and Lu (2015) document that insider traders choose to trade in option markets first.
The predictive power of option implied volatilities on stock returns becomes stronger around analyst-related events. This finding supports the argument that the predictability of optionimplied volatilities is driven by insiders' information on upcoming analyst-related news.
Overall, option-implied information captures relevant information about future movements in underlying asset prices due to the spillover effect of informed trading from option markets to stock markets.
Skewness Preference
Investors' preference over skewness also helps explain the relationship between optionimplied volatility measures and future stock returns. Bakshi, Kapadia and Madan (2003) show that a more negative risk-neutral skewness is equivalent to a steeper slope of implied volatility It is expected that equation (7) holds in perfect markets. Due to the existence of market frictions, following Finucane (1991), the put-call parity after controlling option bid-ask spread could be written as: and substituting (10) and (11) into (9) yields the second condition in terms of b t C and a t P :
and substituting into (8) and (12) (14) and we would expect that put-call parity holds by definition for these stocks. For these stocks, we test whether CPIV captures important information about future stock returns. For stocks with no deviation from put-call parity under the control of option bidask spread from equation (14), results show that CPIV is still significantly and positively related to future stock returns.
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The upper and lower bounds used in equation (14) fail to reflect other frictions, such as constraints on short sale. That is, for stocks with no deviation from put-call parity after controlling for option bid-ask spread, CPIV still has significant predictive power. This may indicate that the market is not frictionless and option-implied volatility measures capture other relevant information, such as constraints on short sale, which are discussed in the next subsection.
Short Sale Constraints
In stock markets, following a buy-and-hold strategy generates profits if stock price increases. On the other hand, to avoid potential loss due to a decrease in a stock price in the future, pessimistic investors holding the stock choose to sell it. Pessimistic investors who do not hold the stock are able to make profits only by short selling the stock.
In order to short sell a stock, borrowers have to find lenders who hold the stock and are willing to lend the stock to others. After posting a collateral as required, borrowers can borrow 17 The results for portfolio level analysis on CPIV among stocks with no deviation from put-call parity as shown in equation (14) show that the average return on the equally-weighted "5-1" long-short portfolio constructed on CPIV is 0.88% per month (with a p-value close to 0), and the average return on the value-weighted "5-1" longshort portfolio is 0.71% per month (with a p-value of 0.0012). More details are available upon request. the stock from lenders and sell it at the market price. If the stock price decreases, borrowers will repurchase the same shares back but at a lower price. Then, borrowers return the stock back to lenders and get the collateral back together with the rebate rate.
18 During such a process, lenders will charge borrowers a fee (i.e., the repo rate for individual stocks). Thus, from short sale, profits for borrowers are always less than the magnitude of decrease in stock price.
In stock markets, constraints on short sale exist (e.g. difficulty in borrowing shares, fee paid to the lender, fee paid to the broker, etc.). Studies claim that short sale constraints predict future stock returns (e.g., Figlewski, 1981; Ofek, Richardson and Whitelaw, 2004; Cohen, Diether and Malloy, 2007) .
Under the condition of no arbitrage, the put-call parity holds if there is no friction in the market. By rearranging Equation (7), we can get:
If the stock market price is different from the price implied in Equation (15), stock market price and implied price will converge to the same level due to investors' arbitrage activities. However, due to the existence of constraints on short sale and the repo rate, when stock market prices are higher than implied prices, there does not exist an arbitrage which leads to the convergence of two values (Lamont and Thaler, 2003; Ofek and Richardson, 2003; and Ofek, Richardson and Whitelaw, 2004) .
In the presence of short sale constraints, through trading call and put options, option markets provide investors the chance to short stocks that they may not be able to borrow and sell in stock markets (Figlewski and Webb, 1993) , and put options become relatively expensive compared with their corresponding calls. Figlewski and Webb (1993) document that the 18 In order to short sell an asset, borrowers have to put up a collateral to lenders. After borrowers return the asset back to lenders, lenders need to give the collateral back and also pay rebate rates (e.g., the portion of interest or dividends of shares earned from the collateral) to borrowers. Thus, the rebate rate is a proxy for the difficulty of short selling from the stock lending market. If short selling is difficult, the rebate rate will be lower and can even become negative.
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difference between put and call implied volatilities is closely correlated with short interest, a proxy for constraints on short sale. 19 Ofek, Richardson and Whitelaw (2004) provide supportive evidence that, for stocks that are difficult or expensive to short, a deviation from put-call parity is more likely to be observed. Thus, deviation from put-call parity may reflect difficulty in short selling stocks and may contain useful information about stock return prediction.
By using the rebate rate as a proxy, Cremers and Weinbaum (2010) fail to find evidence that predictability of option-implied information is driven by stocks that are hard to short.
However, such a finding could be affected by the data limitation, since they use private data only covering two-year period from October 2003 to December 2005.
Thus, due to the constraints on short-sale, frictions exist for short sellers due to the repo rate paid by borrowers to lenders. This further indicates that put-call parity may not hold in presence of such frictions. The call-put implied volatility spread, CPIV , may capture the unobserved repo rate of individual stocks and reflect how difficult it is to short sell the underlying stock. So, constraints on short sale could be a potential reason for the predictive ability of option-implied volatility measures. Doran and Krieger (2010) propose that the predictive power of option-implied volatility measures on stock returns could be due to trading activities of delta-hedge traders. For example, if CPIV increases, in order to be delta-neutral, option traders need to purchase the underlying stock to hedge the increase in delta. The purchase of the underlying stock will drive up future stock prices and further lead to a positive future stock return.
Delta-Hedge Trading Strategy
Thus, in addition to skewness preference and constraints on short sale, delta rebalancing is another potential reason for the predictability of option-implied volatility measures on stock returns.
Conclusion
This study focuses on the relationship between option-implied volatility measures and future stock returns and results can be summarized as follows. First, a portfolio level analysis implies a positive relationship between CPIV and one-month ahead portfolio returns and a negative relationship between IVSKEW and RVIV and future one-month portfolio returns.
Firm-level cross-sectional regressions indicate that, over different investment horizons (from one-week to three-month), IVSKEW has the most important predictive information.
Both deviations from put-call parity and put implied volatility curve capture useful information in return prediction over various horizons. However, the predictive power of the put implied volatility curve becomes weaker for one-month and three-month horizons.
In addition, we confirm the asymmetric effect of volatility risk. Out-of-the-money call and put options capture fundamentally different information about future stock returns. Our results imply that investors care about and overweigh negative future return shocks, especially over short horizons. Additionally, over longer horizons (e.g., three-month), investors take positive expectations into consideration as well.
Finally, the subsample analysis confirms that the strong predictive ability of IVSKEW over one-week horizon persists before and after the recent crisis. The driver of the effect of IVSKEW on one-week ahead stock returns changes during the full sample period. Before the financial crisis, the main driver is a deviation from put-call parity. However, after the crisis,
POMA is more important in predicting one-week ahead stock returns, suggesting that investors are more sensitive to negative shocks captured by out-of-the-money put options. Notes: Quintile portfolios are constructed every month by sorting stocks on each option-implied volatility measure at the end of the previous month. Call-put implied volatility spread ( CPIV ) is the average implied volatility of at-the-money calls minus the average implied volatility of at-the-money puts. Implied volatility skew ( IVSKEW ) is the average implied volatility of out-of-the-money puts minus the average implied volatility of at-the-money calls. "Above-minus-below" ( AMB ) is the average implied volatility of options whose strike prices are above the current underlying price minus the average implied volatility of options whose strike prices are below the current underlying price. "Out-minus-at" of calls ( COMA ) is the average implied volatility of out-of-the-money calls minus the average implied volatility of at-the-money calls. "Out-minus-at" of puts ( POMA ) is the average implied volatility of out-of-the-money puts minus the average implied volatility of at-the-money puts. Realizedimplied volatility spread ( RVIV ) is the realized volatility (i.e. the annualized standard deviation of daily returns over the previous month) minus the average of at-the-money call and put implied volatilities. Quintile 1 (5) denotes the portfolio of stocks with the lowest (highest) option-implied volatility measure. The column "5-1" refers to the arbitrage portfolio with a long position in portfolio 5 and a short position in portfolio 1. The row "Return" documents data about raw returns on portfolios, and the row "Alpha" shows data about Jensen's alpha with respect to Fama-French three-factor model. P-values reported in Exhibit 3 are calculated using the NeweyWest method to control for serial correlation. Hereafter, *, **, and *** denote for significance at 10%, 5% and 1% levels, respectively. 
